The external appearance of an olive's skin is the most decisive factor in determining its quality. In order to quantify the colour changes that occur during sweetening process, a computer vision systems based on Artificial Neural Networks (ANN) was developed to determine bitter and sweet olives. To this end, olives were treated in brine and water testing environments for nine days. During this process, digital colour image were taken every two days. Two colour spaces (RGB and L*a*b*) were used and six colour features corresponding to average of each colour channel were derived and used for ANN training. The overall accuracy of ANN classifier was of 93.38%. According to the results of the image analysis, the L*, R, G and B values showed a significant correlation with general acceptance for water curing treatment (p < 0.05). For brine curing treatment, results showed a significant correlation between L*, a*, b*, R and G with general acceptance (p < 0.05). Considering the results of sensory analysis the optimum time for both brine and distilled water were seven and three, respectively. Furthermore, brine curing had a greater impact on olive skin-colour changes.
Introduction
Olive fruit (Olea europaea L.), which belongs to the genus Olea of the family Oleaceae, is consumed freshly and its oil is used for cooking food and industrial purposes. [1] Olives are distinguished from all other drupes by its chemical composition: a relatively low concentration of sugars, high oil content, and bitter taste qualities. [2] Oleuropein is the main bitter component in the olive. In fact, these substances are important parameters in the sensory attributes of the fruit. [3] These features are mainly related to the colour and the morphological appearance of their skin. Olives picked from the tree are generally purple, green or black (according to the ripening index) with smooth skinned. [1] Colour characteristics of food can be measured by visual analysis or new instrumental methods. [4] Visual assessment of the surface colour is one of the most important visual attributes in food and is usually the first characteristic evaluated by consumers in the acceptance or rejection of the product. [5] One of these new methods is computer vision technique which provides a rapid and economical non-destructive alternative for the sensory inspection. In this technique, one or more images are taken for each individual object and processed to determine the quality of the object. Computer vision techniques are widely utilised to check the quality of products in the food industry. [6] Different crops are graded and sorted according to quality detection based on colour change. Furthermore, there are many research works investigating other fruits. At present, colour spaces are used to create, represent and visualise colours in two and three dimensional space. [7] Usually, the colour of food and fruits has been measured in L*a*b* and RGB colour space. Apart from this, [8] used the histograms of the red and green channels to classify dates according to a maturity index. [9] Developed a machine to automatically sort pomegranate arils. They used the information of red, green and blue channels and classified pomegranate arils using linear discriminating analysis. [10] Employed neural networks for grading beans according to their colour, with a success of 90.6%.
Several works investigated automatic classification of olive fruits using artificial vision.
[11] [11] Suggested an automatic inspection system for table olives based on computer vision. In this work, each sample was investigated for skin colour and the presence of defects on the surface of the olive. Three algorithms were tested: Bayesian, PLS multi-variant discriminant analysis and neural networks. The best result was obtained with the neural network, with an accuracy of over 90%. [12] developed a method of grading olives for oil extraction based on an infrared (IR) vision system and segmentation algorithms using skin aspect in IR Image defects were detected using a digital monochrome camera with band-pass filters on the near-infrared (NIR) spectrum. The aims of this study were to (1) implement a standard computer vision system to describe changes colour during the process of curing olives using L*a*b* colour space RGB and, (2) find correlations of colour parameters with the parameters of sensory evaluation to estimate the optimal time to cure olives for optimal sweetness.
Material and method

Sample preparation
Olives from the cultivar "KC" were obtained from an orchard (Ahwaz town, Khuzestan province, Iran). The olives were harvested at the green stage, and transported to laboratory located in the Ramin Agriculture and Natural Resources University of Khuzestan. In order to prevent colour changes during experimental process, samples were stored in refrigerator until analysis.
Material and method
The aim of an olive curing process is to remove all or part of the olive fruit bitter component Oleuropein. Two curing methods, water curing and brine curing were utilised in this study. In either method, the olives are first soaked in a 2-3% NaOH solution (termed a 'lye' solution) for 5 to 7 hours generally. This alkali degrades polyphenols, which increase the permeability of the cell wall. [13] To increase the relative sweetness of the olive fruits (by removing bitterness), the lye solution must reach two-thirds to three-quarters the distance between the skin and the stone. This process is followed by several washings with water to completely remove excess alkali. The olives are then placed in either water or a solution of sodium chloride (brine) for 9 days.
Water curing
Water curing of olives, as the name suggests, involves submersion of the olives in water for a period of a week or longer. Water cured olives typically remain slightly bitter because water curing removes less oleuropein from the olives than other curing methods (Fig. 1a) 
Brine curing
Brine curing involves the submersion of olives in a concentrated brine salt solution. Greek style olives in Brine and Sicilian style olives are examples of brine-cured olives. Brine-curing can take many months and olives often undergo fermentation during the brine curing process (Fermentation means that the sugars found in olives will often get broken down into lactic or acetic acid, and oleuropein will be freed to migrate into the brine). Many changes in flavour and phytonutrient composition can take place during the brine curing process (Fig. 1b) 
Image processing
The steps involved in image processing were image acquisition, feature extraction and data analysis. The development of algorithms was performed in the image processing toolbox of Matlab 2013b. For processing the images, the olive was separated from the background with an algorithm of. [14] Two colour spaces, including RGB and L*a*b*, were applied in this study. The colour parameters (R, G, B, L*, a* and b*) were measured in olive samples every second day of the curing process for a period of two weeks. The first colour space, RGB, is red, green and blue. Although this colour space is capable of distinguishing between millions of colours, but it cannot represent how humans perceive colour. [15, 16] The second colour readings were taken in the L*a*b* colour space. The L* parameter is luminosity, a characteristic by which a surface produces more or less light and can have values between 0 (black) to 100 (white). The parameter a* takes positive values for reddish colours and negative values for the greenish ones, whereas b* takes positive values for yellowish colours and negative values for the bluish ones. [17] 
Image acquisition
The lighting condition is very important for image acquisition. To get high quality images and determining the maturity of fruits and vegetables automatically image acquisition is of great importance. [18] In this paper, the image acquisition system had a lighting box including two fluorescent lamps, which the lamps were attached at a 45°angle in the higher part of the box. Also the system had a camera CASIO (Model Exilim EX-ZR700; 16 MP, made Japan), which was located at a distance of 25cm. The images were acquired by the system and saved in a personal computer (Fig. 2) . Furthermore, to calibrate the digital colour system, proposed method by [15] using the colour values of 20 colour charts were used.
Derived feature from RGB images and calculations of l*a*b* After image acquisition and segmentation by thresholding, the colour parameters L*, a* and b* were obtained from the RGB parameters using the following steps: (i) colour features were extracted from the R, G and B channels in the RGB colour space. The proportions of each of the three primary features in relation to the sum of R, G and B were obtained through the formula presented in 1, 2 and 3. 
Subsequently, these values were changed from RGB values to XYZ using of the matrix for a D65-2°i lluminant-observer (Eq. (4)). The D65-2°illuminant-observer is a standard recommended by the CIE 1931 and suitable to the lighting that was used. [19] X Y Z (5) to (7)).
Next, var X, var Y and var Z were calculated with Eqs. (8) to (10); var
Where X n = 95.047, Y n = 100 and Z n = 108.883, are tri-stimulus values obtained by the weightedordinate method (Δλ = 1 nm), with the CIE 1964 standard observer (10°visual field) and the CIE standard illuminant D65, as white point reference. [20] Subsequently, L*, a*, b* were calculated using Eqs, (11) (12) (13) .
Classification and validation by ANN
Development of an ANN model usually consists of several basic steps: (1) the generation of data required for training, (2) the training of the ANN model using a data set of different inputs with corresponding outputs, (3) the evaluation of different ANN configurations and selection of the optimal configuration, and (4) testing the modelling performance of trained ANN models using a set of data independent of the training data set. Many theoretical works have shown that a single hidden layer is sufficient for ANN to approximate any complex nonlinear function. [21] Therefore, in this research a one-hidden-layer feed-forward network based on the back propagation learning rule was used to differentiate sweet olives from bitter ones. The number of neurons within the hidden layer varied from 1 to 20. The hyperbolic tangent sigmoid was used as the transfer function both in the hidden layer and output layer. Minimization of error was achieved using the Levenberg-Marquardt algorithm. [22] To carry out the aforementioned steps, the dataset (215 observations) was split into training (161 observations), validation (32 observations) and test (32 observations) data. Training sets used to develop models included colour parameters (R, G, B, L*, a* and b*) as inputs with associated 1 and −1 for sweet and bitter olives, respectively, as outputs. The aim of every training algorithm is to reduce this global error by adjusting the weights and biases.
Sensory evaluation
A trained panel of ten assessors carried out the sensory evaluation on the basis of nine-point hedonic scale. The grades of scale for evaluation of sensory attributes were: extremely dislike (1), very dislike (2), moderate dislike (3), slight dislike (4), not dislike not like (5), slight like (6), moderate like (7), very like (8) and extremely like (9) . [23] Judges were evaluated samples in colour and appearance, taste and aroma and texture overall acceptability.
Statistical analysis
The data were subjected to analysis of variance using the SAS statistical package. Differences among means were established using the Duncan's multiple range test (p < 0.05). A Pearson's correlation coefficient of colour indication (RGB and L*a*b*) and sensory test (colour, taste and aroma and texture) was calculated.
Results and discussion
Colour measurement
Olive colour changes during the process of removing bitterness were studied on two test environments of brine and water. Based on observations, RGB and L*a*b* colour spaces can be appropriate criterions for assessing the impact of testing environments on the quality of the olive fruit. Changes in the colour coordinates L*, a* and b* for both environments are presented in Fig. 3 . The overall decline pattern in L*, for brine curing environment, showed that the samples were going to be darker with time throughout the measurement period. The average of L*, for aforementioned environment, decreased from 48.06 (day zero) to 25.72 (ninth day) as a result of reducing transparency and increasing the amount of brown colour level at the surface. Besides, the lowest L* (L* = 25.12) was observed at the seventh day of curing. While, for water curing environment in Fig. 3a L* parameter decreased gradually until day three and showed a temporary increase until day 5 (L* = 31.69). The average of L*, for water curing environment, decreased from 48.06 (day zero) to 36.21 (ninth day). This indicated that the samples were tended to be darkened during sweetening process. The decrease in L* values can be attributed to brown pigment formation during the reducing olive bitterness processing which reducing olive bitterness taste. [24] [25] [26] Since a* defines the red-green component, red for positive values and green for negative values and the b* parameter defines the yellow-blue component, yellow for positive values and blue for negative values [12] ; therefore, monitoring the variation of parameters a* and b* were also suitable for assessing the olive quality and removal of bitter taste from olive, simultaneously. The results of the analysis showed that the parameter a* was gradually increased from −14.98 (day zero) to 6.73 (ninth day) (Fig. 3b) for brine curing environment; −14.98 (day zero) to −4.09 (ninth day) for water curing environment (Fig. 3b) .This increasing of positive values for a* could be interpreted as a tendency of samples toward red colour. The highest value of this parameter for both environments was seen at day nine of curing. Moreover, a* values of brine curing was more than water curing which was the indication of a tendency of samples toward browning in brine curing environment. The b* parameter monotonously decreased from 36.37 to 0.51, for zero and ninth days, respectively (Fig. 3c) . Similar to those for olive in water curing samples is also shown in Fig. 3c b* parameter changed from 36.37 (zero day) to 15.14 (ninth day). The decrease of the b* parameter in both testing environments reflects a trend toward blue. Tables 1 and 2 show the significance of the effects of storage time on colour parameters. Colour changes during sweetening process of olives verified that fruits with less bitter taste were darker (lower L* value), redder (higher a* value) and bluer (lower b* value). [26] Measured parameter of colour on "yacon" slices using a computer vision system. According to their results, L* decreased from 65.9 to 60.8, with a tendency to a black colour; a* increased from 7.3 to 17.7, approaching a red colour; b* increased from 35.1 to 41.5, presenting a tendency to a yellow colour. These results are consistent with data obtained by. [27, 28] The values of the RGB components in colour measurements during bitterness removal process with brine curing and water curing are presented in Fig. 4 . According to Fig. 4a the value of R colour parameters decreased from 108.79 to 71.25 and the least value of R (R = 64.62) has been occurred on the seventh day of curing. G parameter is also changed from 119.76 to 57.38 (Fig. 4b) ; on the contrary, value of B increased from 49.78 to 60.31 during the sweetening process for brine curing environment (Fig. 4c) .
For water curing, the value of R colour parameters decreased from 108.79 (day zero) to 87.71 (ninth day) and the least value of R (R = 73.24) happened on the fifth day of storage (Fig. 4a) . G parameter is decreased from 119.76 to 86.44 (Fig. 4b) , however value of B increased from 49.78 to 60.76 (Fig. 4c) . Tables 1 and 2 show the statistical analysis of the effects of processing treatments on colour changes during storage day. According to mean comparison, there was a significant difference between colour parameters R, G and B in the RGB colour space as well as between the three parameters L*, a* and b* for water and brine curing testing environments during days of storage (Tables 1 and 2 ). Furthermore, concord to Tables 1 and 2 there are statistical differences between extracted colour parameters (L*, a*, b*, R, G and B) of the day zero of storage (p < 0.05) and other storage days. The statistical analysis showed that two testing environment were statistically separable (p > 0.05) for all variables (R, G, B, L*, a*, b*). Means in each column followed by similar letter (s) are not significantly different at 5% probability level using Duncan Multiple Rang Test 
Sensory analysis
The data matrix used for statistical analyses was developed from the sensory scores awarded by each panelist. Table 3 shows the time-course changes in the panel sensory test index of olive samples with respect to colour, taste, aroma and texture in a period of nine days. According to the sensory evaluation (Table 3 ) the following tendencies can be deduced: (1) samples of day zero were less acceptable than other days for both water curing and brine curing, with green skin colour, hard tissue and very bitter taste; (2) during removing bitterness, the colour of the skin of olive changed from light green to dark green in brine curing environment, while the colour skin of olive remained light green in water curing environment but the aroma and texture parameters received the lowest score from the evaluators; (3) softness of skin increased gradually during the process of removing bitterness, while olive texture was softer in water curing environment and, these olives have attracted the attention of the individual; (4) taste and aroma parameters in brine curing received the higher score from the evaluators which means these parameters were better than water curing; (5) in the brine curing environment, olives of the seventh day of curing received the highest scores, while, for olives in water curing, the highest score from the evaluators was given to samples of the third day of curing. Therefore, optimal time to cure olives in the brine and water curing environment were the seventh and third day of curing, respectively.
Correlation of colour indication and sensory test
The correlation coefficients between the sensory test and the results obtained from computer vision system shown in Tables 4 and 5 . According to Table 4 , Pearson's correlation for the water curing environment showed that there was a significant correlation (p < 0.05) between R with colour, test and aroma, texture and general acceptance parameters. Furthermore, L* and G were significantly (p < 0.05) correlated with test and aroma, texture and general acceptance parameters. Moreover, B had a significant relationship with all sensory parameters except texture. According to Table 5 , Pearson's correlation for the brine curing environment, there were a significant correlation between L*, a*, b*, R and G parameters with all sensory parameters and colour component B had only a significant correlation with the sensitivity parameter of colour at the 5% level of probability.
Classification result
Classification of olive into two classes based on taste (bitterness and sweetness) was shown in Fig. 5 . According to confusion matrix, bitter and sweet olives were classified with accuracy %96.7 and 94.5%, respectively (one bitter olive classified as sweet and six sweet ones classified as bitter olives). The overall accuracy of the classification was 93.38%. Similar accuracy (96.6%) was obtained by [29] who used three layered 9-6-3 neural networks for the classification of apple. [30] developed a grading system for fruit and vegetables using neural network technologies, obtaining a high level of accuracy for strawberry and green pepper (94-98% and 89%, respectively). [31] Used image analysis to classify olives based on external damage. In this work seven commercial categories of olives, were used: undamaged olives, mussel-scale or 'serpeta', hail-damaged or 'granizo', mill or 'rehús', wrinkled olive or 'agostado', purple olive and undefined-damage or 'molestado'. According to their results the correct classification percentages vary greatly depending on the categories, ranging 80-100% during calibration and 38-100% during validation. However, the classification accuracy of this work was much higher than that was reported by. [31] 
Conclusion
In this study the effect of two curing environments on olive colour parameters was examined. To this end a computer vision system was developed to extract colour parameters of olive surface in two colour spaces RGB and L*a*b* during curing process. For colour space RGB, R and G values decrease while B value increases for both curing methods. For L*a*b* colour space, L* and b* values of samples reduce however the amount of a* increases. There were also significant relationship between colour features and sensory evaluation; the L*, R, G and B values showed a significant correlation with general acceptance results with correlation coefficient of −0.66, 0.73, −0.61 and −0.62, respectively, for water curing treatment. For brine curing treatment, results showed a significant correlation between L*, a*, b*, R and G with general acceptance with correlation coefficient of −0.95, 0.83, −0.89 and −0.96 at the level of 5%, respectively. Therefore, image analysis could be used to obtain the colour information of the entire surface of samples. Furthermore, it is possible to express various colour values and minimise errors by manual inspection. Figure 5 . Classification results from the artificial neural network analysis of bitter and sweet olive groups.
